Abstract. Materials with a trabecular structure notably combine advantages such as lightweight, reasonable strength, and permeability for fluids. This combination of advantages is especially interesting for tissue engineering in trauma surgery and orthopedics. Bone-substituting scaffolds for instance are designed with a trabecular structure in order to allow cell migration for bone ingrowth and vascularization. An emerging and recently very popular technology to produce such complex, porous structures is 3D printing. However, several technological aspects regarding the scaffold architecture, the printable resolution, and the feature size have to be considered when fabricating scaffolds for bone tissue replacement and regeneration.
Introduction
Cellular materials are highly porous, consist of open and closed cells, and can be characterized by a network of struts and plates.
They are present in many biological materials, such as cancellous bone [1] , wood [2] , marine skeletons [3] , porcupine quills [4] or toucan beaks [5] , and combine strength with low weight and, in case of open cells, enable fluid flow. This notable combination of properties makes cellular materials interesting, in particular for tissue engineering in trauma surgery and orthopedics. Scaffolds used to replace or repair bone tissue, for instance, are designed with a cellular structure, which must provide both mechanical function for proper load transfer and porosity for cell migration and nutrient supply [6] . Additive Manufacturing (AM), especially 3D printing, can produce such scaffolds on demand, even for irregular and complex anatomical shapes.
Scaffold design including porosity or strut geometry plays an important role in the successful application of the scaffolds. There are several design approaches on scaffold architecture: simulation-based approaches and methods based on topology optimization model scaffolds for specific degrees and values of stiffness [7] , diffusivity [8] , and permeability [9] that allow an efficient bone regeneration. In other studies, measures like porosity [10] , geometrical parameters such as pore size [11] and feature orientation [12] are controlled by means of computer-aided design, which mostly result in regular and repeated patterns in the structures. Imagebased approaches [13] make use of, e. g., CT data to extract and copy the acquired structures. In other disciplines, image-based methods have been developed for porous materials in order to identify and analyze details of the acquired structure. Basic ideas of assessing both phases of porous materials comprise extracting and separating voluminous structure elements such as granules or pores in sands [14] , sphere packings [15] , and cement [16] , as well as analyzing the pore space as a network-like structure as in rock [17] , soil [18] , and sandstone [19] . In the former case, watershed-based methods [20, 21] are a widespread and robust way to segment and separate touching objects. In case of pore network analysis, most approaches compute a skeletonal representation of the pore network using thinning algorithms [22, 23] . The outcomes of both are identified structural elements of solid and pore structures, which not only allow for a quantitative analysis of their geometric properties, but can also provide a basis to access and manipulate the extracted elements.
In addition to the scaffold architecture, another important aspect in the process of AM of scaffolds is the printability of the modeled structures, e. g., the ability to produce the features as they have been modeled. This requires the consideration of further aspects related to the printing system. The printing resolution, powder material properties, e. g., particle size and shape, powder flowability [24] , and specific parameters of the manufacturing process such as layer thickness, binder saturation, and drying time [25] influence the printing result. Combinations of these factors constitute the limitations of the printing systems. If, for instance, the printing resolution is too low, small features in direct vicinity may be printed as a single feature, whereas other features may even be ignored because of their small size. Podshivalo et al. [26] proposed a multi-scaling approach to adjust the feature sizes and feature details. We go one step further and consider possible changes that appear due to interpolations during the printing process. For example, the printing software virtually slices the designed 3D model into layers [27] according to the given printing parameters. This conversion step may change feature details of the models, so that the outcome is not clearly defined. To control the outcome, the model generation should take into account the conditions of the particular AM process.
Here, we discuss and present a strategy to mimic and transfer realistic trabecular structures to printing models while considering the conditions of the printing system. The method we present is a 3-stage image-based approach ( Fig. 1) to adapt trabecular structures to the technological conditions of inkjet 3D printing based on µCT data from a ceramic foam (Fig. 2) . We first perform an image-based extraction of the structural elements of both solid and void phases to make the features accessible. This stage results in voxel-and graph-based representations of the extracted structural elements. In particular, the graph representation allows modifying the feature size, volume and sample size according to user-defined parameters. The final reconstruction stage then scanconverts the modified graph structure into a stack of binary images and generates the printing model. The second and third stages were developed with respect to the printing conditions ensuring stable and controlled voxel placement during the printing process. The two last stages require three user-defined parameters to incorporate knowledge about the printing process and to appropriately configure the modification and reconstruction process. 
Methods: Image-based Adaption
The approach we present here is a processing chain that adapts realistic trabecular structures from µCT for 3D printing processes. The resulting model preserves the topology: it must contain all features and their connections in a printable size; and it must be configured to enable the reliable manufacturing of these features. For this purpose, we consider different aspects arising from the limitations of printing processes.
Size of features As already mentioned above, a printing resolution that is too low compared to the size of the features to be printed may cause undesired effects: small features being close to each other may be printed as a single feature, whereas other features may even be omitted due to their small size. These filigree structures need to be simplified and optimized while preserving the properties of the initial scaffold structure. Thus, it might be necessary to enlarge or thicken the features of the structure.
Voxel connectedness The scaffolds are supposed to be generated from biocompatible materials using powderbased AM. This technology first spreads a layer of powdered material and selectively inscribes the corresponding layer information by local compaction and gluing; these steps are iteratively repeated until the object is completed. The layer information is generated by slicing the 3D model into layers of uniform thickness, where each slice represents the respective cross-section of the sliced object in a binary image. During the printing process, the voxels of the 3D model are subsequently added to the real structure layer by layer. But not all voxels are automatically interconnected with each other when arbitrary structures, such as those present in the µCT data shown in Figure 2 , are subdivided into individual printable voxels. On the other hand, real structures cannot contain disconnected voxels. But to obtain reasonable mechanical properties, all voxels should share as much surface area with adjacent voxels as possible. In terms of voxel connectedness, the voxels need to be 6-adjacent; the thinnest struts are assumed to be stable when they are produced as a sequence of 6-adjacent dots.
Deposition control To ensure the first two aspects, the voxels of the model must be fabricated as defined by the model. But the layer thickness and the minimum lateral pixel size, which can be defined in plane of each layer by adding material binder, determine the technical limits for the minimum voxel size. For 3D printing, it makes sense to define the voxels by the minimum value on a regular grid in three-dimensional space that can be resolved by the respective printing technology; otherwise the software of the printer may interpolate the positions where to deposit the material binder according to the technical conditions of the system. This may lead to leaving out or adding dots at undesired positions. Then, the adjacency of the printed dots might no longer be guaranteed. Hence, the printing model must fulfill these parameters to ensure that the printer accurately fixes the material at the desired positions.
To set up the model correctly, we incorporate knowledge about the printing process via three userdefined parameters:
• the sample size,
• the feature thickness, and
• the voxel size.
Extracting the structure elements
As described above, the first stage of our processing chain extracts the structural elements in order to make them accessible. This stage consists of a set of existing image processing methods, which are combined to process CT scans of ceramic foams. These scans were acquired at a resolution of 12 µm. Figure 2 (c) shows a volumetric visualization of the acquired structures: the solid and the pore structure. To assess these complex structures, this part of our processing chain comprises three tasks ( Fig. 3) : segmenting the two phases, extracting the pores, and extracting the scaffold network.
Two-phase segmentation
We start with the determination of the two phases:
The three-dimensional image domain I ⊂ R 3 needs to be segmented into foreground (solid structure) F ⊂ I and background (pore space) B = I \ F .
The segmentation process we propose is based on the following observations about the initial data ( Fig. 4(a) ): (i) The density of the solid is high compared to the density of air. (ii) The solid is a hollow structure due to the replication process. This means that the solid consists of thin walls and contains inner voids where the surrounding walls appear to be fragmented (not closed). These voids need to be closed to preserve the data integrity. (iii) The solid structure is a single connected component. However, the CT scans also contain further regions with high density that are caused by the sample fixture. These regions are small and separated from the actual structure. Therefore, they are easy to identify and can be removed without any de-noising procedure. These observations let us deduce a simple segmentation process consisting of the following steps.
Thresholding Because of the good contrast of the images, a simple binary threshold segmentation can be applied. This results in a first segmentation that separates the two phases into foreground and background; the segmented material phase does not include inner voids (Fig. 4(b) ).
Material closing
The material walls will be closed via dilation and erosion. The remaining inner voids can then be filled by applying a procedure that fills all background voxels within the material walls, which are not connected with the boundary of the data set.
Removing blobs Finally, undesired small regions are removed: a connected component analysis detects all the separated regions. Then, a volume measurement of these regions allows one to identify the largest one, which is the desired structure. All other connected components are removed.
The result of this pipeline is a scalar field with a binary segmentation where the voxels of the foreground F are set to 1 and thus depict the complete region of the solid structure.
Pore segmentation
For reasons of deriving statistics on the pores as well as on the relation between pore space and solid, in this step, the pores are characterized and separated by means of the 3D distance function [28] . The starting point is the two-phase segmentation from the previous step. In this binary segmentation, the background B comprises the pores formed by the solid structure, but it also contains the space surrounding the entire sample, which needs to be differentiated for statistical clearness.
Distance map The basic step is to compute the signed distance function f D : I → R according to the boundary between foreground F and background B. Each point in the pore space is assigned the distance to its nearest point of the material phase.
The extremal structures of the distance function f D can be used to describe the pores. For this purpose, we make use of the definition of pore space elements based on the critical points c and the stable and unstable manifolds of the critical points S(c) and U (c) that we presented in detail in previous work [29] . The pore centers are located at the local maxima c max of distance function f D and the pore bodies are a subset of the stable manifolds of the corresponding maxima (S(c max )). This means that all points of the pore space B that end in a specific maximum c max when following the steepest ascent belong to S(c max ) ∩ B. Hence, the voxels of a pore body can be determined by labeling the voxels according to the maximum they belong to.
Hierarchical watershed segmentation This step detects all the regions that correspond to a subset of the basins S(c max ) ∩ B. Furthermore, it deals with the fact that the pores might be elongated and have multiple maxima within a single pore. A decomposition of the pore space can be computed using a hierarchical watershed segmentation [30] that detects and labels the maxima and then propagates them in the order of decreasing distances along all points that have non-negative distance values. The hierarchy is built based on tuples of two neighbored maxima and their connecting 2-saddle point. It lets the user merge neighboring regions to reduce over-segmentations. Our merge criterion is based on the persistence of the features of the distance function f D , in particular, the maxima c max and the index 2-saddle points c s2 . To take into account the varying pore sizes, we introduce a locally relative persistence that is computed for each hierarchical tuple (c max1 , c max2 ) and their hierarchical 2-saddle point c s2 .
The segmentation result decomposes the background into a set of regions B i with B = ∪B i that mark the separated pore bodies but also regions of the boundary space surrounding the sample.
Semi-automatic removal of boundary space To obtain only the regions of the pore bodies, the regions of the surrounding space still need to be removed. They are characterized by their irregular shape and their connection to the image boundary, while the actual pores are of ellipsoid shape and enclosed by the material phase and neighboring pores. An interactive procedure supports the user to mark these regions through manual picking. A subsequent automatic step fills these regions with a unique label, such that the background now consists of a region B S ⊂ B that comprised the sample surrounding space and a set of disjoint regions R i with ∪R i = B \ B S describing the separated pore bodies.
Graph extraction and representation
The foam has a regular structure that forms similarly shaped pores. Modifications of the structure elements and their properties need to be placed consistently over the entire structure. To identify elements and their properties, we need a representation that encodes the spatial arrangement and connectedness of the struts and the nodes as well as their properties like thickness. For this purpose, we build a graph that represents the scaffold structure with its elements and their properties. An appropriate representation approximates the medial axis of the trabecular structure, such that the distance to the surrounding material boundary is maximal. Then, the distance describes the thickness of the material at each point.
The following sequence of processing steps computes the graph that represents the scaffold structure, starting from the binary segmentation of the two-phase segmentation.
Skeletonization We make use of the shape properties of the scaffold elements: The struts are elongated and symmetric in their cross-sections and allow the application of thinning algorithms. Furthermore, one of the tasks of the scaffold is to provide stability in itself and to distribute the load over the strut construction. In the latter case, dead ends do not contribute to load balancing, therefore, they will be ignored in this study. Hence, a distance-ordered homotopic thinning that preserves the homotopy of the trabecular structure is applied [31] to the material phase ( Fig. 6(a) ). The result is a sparse binary image where only the voxels that belong to the skeleton are set to 1, depicted by the red voxels in Figure 6 Distance map Independently of the thinning, the unsigned distance function on the binary segmentation to the materials boundary is computed, where the distances within the material are now positive and the background is ignored:
Assuming that the thinned skeleton approximates the medial skeleton, the distance along the skeleton voxels represent the maximal distances to the material boundary.
Scan conversion We construct a graph representation by converting the skeleton voxels into a graph G = (V, E, P ): The vertices v i ∈ V represent the connections of the struts and are located in the middle of the connection clusters. The edges e i ∈ E represent the struts; and the geometric course of the edges is given by the edge points p i ∈ P ⊂ R 3 . Furthermore, each point p i is assigned a weight r p ∈ R that is the value of the distance function f + D at the point location and is interpreted as the local thickness of the represented struts. Figure 6 (c) shows a detail of the extracted graph, where the local thickness is depicted by the color coding along the edges.
Modifying the scaffold structure
The methods of the previous section extracted the elements of the solid structure and encodes their arrangement and other properties-they can be seen as a template for mimicking the initial structure. As described at the beginning of this section, the investigated structures may have features that are too small with respect to the designated printing parameters. The upcoming step allows modifying the extracted structure according to the discussed criterion of the size of features and incorporates user input for sample size and feature size.
Compared to the voxel-based representation of the segmented solid, the graph representation enables an effective access to (i) the elements of the graph (struts and strut connections), (ii) their geometric information (position, course, and arrangement), and (iii) their weights (thickness information). Therefore, this graph provides a good basis to modify the elements of the scaffold in a consistent way and makes it easy to define a modification criterion and modification conditions, for example, increasing the radius at very thin locations.
Modification tasks
We propose two simple ways of modification, which can be configured by the user: resizing the sample (R) and setting the thickness of the struts (T ). The starting point is the graph G described in Section 2.1.3.
Resizing To compute a desired sample size, the extracted graph G will be resized according to the user setting, which is given by the destination sample height. The geometry of the graph and the point weights, namely the thickness information, are scaled to the desired size resulting in graph G R .
Modifying the thickness This step modifies the thickness information of each point p ∈ P of the resized graph G R . It is used to set a specific strength of the struts or a specific volume of the structure. The following section describes different modes of modification.
Thickening modes
We focus on simple modification strategies realized in different modes that change the thickness of the scaffold struts. For this purpose, the radius r pi of the edge points p i ⊂ P of the resized graph G R can be changed in order to obtain the modified graph G RT following the criteria and conditions below. Figure 7 illustrates the different modes. The gray parts depict an example edge, its edge points, and the initial radius. The black lines denote the modified radius attributes. Minimal thickening The thickness weights r pi of all points of the graph G R that have a thickness smaller than the user-defined threshold r pi < t m are set to the minimal thickness t m on the new graph G min RT , while the remaining weights will be preserved ( Fig. 7(a) ). (Fig. 7(b) ).
Scaling
Increasing All weights r pi of the graph G R are increased by a user-defined constant value c to obtain the modified graph G incr RT (Fig. 7(c) ). The value c may be chosen as the radius difference between the minimal thickness of the graph G R and the minimal thickness that is printable, for example.
Ratio-based thickening This mode iteratively computes the thickness parameter that creates a sample with a user-defined solid ratio when applying a specified mode from above (scaling, increasing or a combination of both with minimal thickness). It anticipates the results of the last part of our approach (Section 2.3) and, thus, makes use of the finally scan-converted voxelized scaffold: Each iteration creates the final voxelized scaffold for a thickness parameter and computes the solid ratio as the ratio of the solid voxels to the total number of voxels. The determination of the thickness parameter for the next iteration is realized by a binary search over a range of thicknesses guided by the ratio of the current iteration compared to the user-defined ratio. The iterations are then repeated until the userdefined solid ratio including a tolerance is reached.
Reconstructing the scaffold structure
The final part of our approach reconstructs the scaffold structure from the modified graph into a three-dimensional image, which then can be written into a stack of 2D images or triangulated to an STL file as input for the printing system. The reconstruction follows the discussed requirements of voxel connectedness and dot control, where the voxel connectedness is ensured by a specific scan conversion and the dot control handled by the third user input: the voxel size of the resulting data set. Here, the voxel size must not be smaller than the one of the printing system, so that, together with the previous modifications, all features are transformed to the image in a printable size and resolution. The resized and modified graph G RT will be scanconverted into a binary image using the reconstruction step I R : N 3 → {0, 1}, where the size of the image N x × N y × N z is computed from the user-defined voxel size and the bounding box of graph G RT including its weights, which are interpreted as the radius of spheres at the corresponding points. Regarding the printing process, the binary image describes where the printer will fix the material (I R (x) = 1) and where not (I R (x) = 0).
As described at the beginning of this section, one requirement is to set the material in a stable manner and that this setting corresponds to the 6-adjacency of the voxels. Since the struts are not only lines that have to be scan-converted but also volumetric tube-like structures with varying thickness, an extension of the condition of 6-adjacency is necessary. Following the formulations on neighborhood of Kaufman et al. [32] , the 'stable' neighborhood for an arbitrary set of voxels can be formulated as follows: Two material voxels are 6-adjacent if they share a common face (considering a voxel to be a cuboid volume element centered at a sampling point of the data set). A 6-path is a sequence of consecutive pairs of 6-adjacent material voxels ( Fig. 8(a) ) and a volume of material voxels is 6-connected if there is a 6-path between any pair of material voxels (Fig. 8(b) ). Thus, the set of the material voxels is 'stable' if all voxels of the set is 6-connected. That is, the scan conversion method only sets a material voxel if and only if a 6-connectedness to existing material voxels can be established.
Scan-converting the volumetric structure as a whole hampers finding rules for setting and leaving out material voxels while preserving the 6-connectedness. The proposed approach makes use of the elementary information of the graph G RT (E, V, P ), where the set of vertices V and the set of edges E describe the connectedness of the strut network and the N points Figure 9 . 2D illustration of 2-step scan conversion. The first step (a) ensures the 6-connected paths of the scan-converted line segments; the second step (b) adds a 6-connected set of voxels of the scan-converted weights of points.
p i ∈ P , with i = 1, . . . , N , as well as their weights r pi encode the course of the struts and the thickness along the struts. In fact, the points describe linear line segments between sequential pairs (p i , p j ) with j = i + 1 and the weights describe spheres with radius r pi centered at p i . These two facts facilitate to control the 6-connectedness during a 2-step scan conversion: the first step maps the line segments with respect to the 6-adjacency ( Fig. 9(a) ); the second step exploits the convexity of spheres and adds the thickness to the line segments ( Fig. 9(b) ).
Scan-converting the line segments
Mapping the line segments builds the basis for marking the material voxels as one 6-connected component. The course of a line segment needs to be marked as a sequence of 6-adjacent voxels. For this purpose, we apply an algorithm that was originally intended for ray tracing in rendering tasks: Amanatides and Woo [33] proposed an efficient algorithm that traverses all voxels along a ray. In terms of our application, this approach can identify all voxels that the line segment touches (Fig. 8(c) ).
Initialization Before scanning a line segment, the start and end points p i and p j will be assigned to the corresponding voxels v i and v j in the resulting image 
with a ∈ {x, y, z} to indicate the axis related component. Adding 0.5 and applying floor yields the discrete voxel coordinates. Traveling along the line segment within the image grid requires the direction d = # » p i p j ∈ R 3 from the start point p i to the end point p j . The sign of the components of d determines the step increments or decrements k x , k y , k z ∈ {−1, 0, 1} when traversing the voxels along the line:
The sampling itself is guided by the following variables. ∆t x , ∆t y , ∆t z ∈ R is the portion of the line segment to cross the distance of one entire voxel depending on the axes.
t x , t y , t z ∈ R determines the time to travel along the line segment per axis until the next voxel is reached. Initially, it is set to the portion of the line segment that describes the distance from the origin p to the voxel boundaries v min a and v max a of the voxel it is located in.
a ∈ {x, y, z}.
(6)
Voxel traversal The traversal itself is then realized in an incremental loop (Algorithm 1) as proposed by Amanatides [33] . Here, the traversal algorithm is not used to determine the first object that intersects the ray. It is applied to determine all voxels along the line segment (p i , p j ) as a 6-adjacent sequence and to mark them as material voxels in the reconstruction image I R . The loop starts at the voxel v i that contains the start point p i and follows the line segment by choosing the minimum min(t x , t y , t z ). The minimum indicates in which direction the next voxel boundary will be crossed. For this direction, for example x, the voxel coordinate is incremented by k x in case of a positive x-component of the direction vector d or decremented in case of a negative x-component. The case of d a =0 will not appear since t a is initialized as infinite. Accordingly, the 'travel time' t x is increased or decreased by ∆t x . This is repeated until the end voxel v j of the line segment is reached.
Two facts guarantee that the line segment is scanconverted in a 6-adjacent way. (i) The parameters t a indicate the distance to the next voxel facet and guide the algorithm to traverse the neighbor voxel that shares that facet. (ii) Even if the line crosses an edge or a corner of a voxel, the algorithm always processes the minimum of the t a parameters. Thus, it traverses all neighbor voxels that share that edge or corner and creates a 6-connected line segment.
Scan-converting the spheres
The previous step only maps the skeleton of the modified scaffold graph onto the reconstruction image Algorithm 1 Voxel traversal to scan-convert 6-connected line segments from points p i to p j . Adapted from Amanatides [33] .
output: List L Voxel coordinates to be marked as material voxels 4: initialize:
vi, vj ∈ R 3 start and end voxel of line segment (Eq. 3)
6:
ka ∈ {−1, 0, 1} increments/decrements for voxel coordinates (Eq. 4)
7:
∆ta ∈ R distances to cross one voxel (Eq. 5)
8:
ta ∈ R distances to the next voxel boundary (Eq. 6)
w ← vi
10:
while w = vj and w ∈ I do 11:
if tx < ty then
12:
if tx < tz then 13: wx ← wx + kx 14: tx ← tx + ∆tx 15:
wz ← wz + kz 17: tz ← tz + ∆tz if ty < tz then 21: wy ← wy + ky
22:
ty ← ty + ∆ty
23:
else 24: wz ← wz + kz 25: tz ← tz + ∆tz 26: end if 27: end if 28: add(L, w)
29:
end while 30: end procedure ( Fig. 9(a) ). As described above, the weights r pi of the points p i can be interpreted as spheres with radius r pi centered at p i . Scanning the spheres now adds the thickness information to the skeleton (Fig. 9(b) ). This means, all voxels that have a distance from its center to any point p i smaller than the corresponding radius r pi are marked as material voxels:
Since the spheres are convex objects, all voxels covered by a sphere form a 6-connected component. Adding all spheres to the skeleton composes a set of 6-connected components. This composition produces neighbored pairs of material voxels that are locally only connected via an edge or a corner (dashed line in Fig. 8(b) ), but there exists at least one 6-path that connects them (solid line in Fig. 8(b) ).
Remarks
The presented voxel traversal guarantees the 6-adjacency for all edges of the graph: since adjacent line segments as well as adjacent edges share an edge point or a vertex respectively, the entire skeleton of the scan-converted graph is guaranteed to be 6-connected. The resolution of the destination image does not have any impact on the 6-connectedness: Even if the modification step results in a graph with line segments that have a thickness smaller than the destination voxel size, the line segments are still scan-converted as a 6-connected path. In this case, the resolution determines the minimal thickness of the features to be printed.
Results
The foam we analyzed was scanned using the microcomputed tomography scanner µCT 42 by Scanco Medical AG (Switzerland).
The steps of graph extraction, modification, and reconstruction were implemented as extension modules for Amira [34] , a software system for visualization and data analysis. The computations were carried out on a desktop machine with 2 Quad-Core Intel Xeon (2.4GHz) and 64 GB memory.
We processed a sample of a ceramic foam (Fig. 2(a) ) with a height of nearly 8 mm and a diameter of about 4 mm. The structure was scanned with a resolution of 12 µm, which results in a data set with a size of 454 × 412 × 643 voxels. 
Extracted solid and pore structures
For the generation of a manipulated version of the initial structure, we first applied the extraction part by segmenting the material, computing the graph-based representation, and segmenting the individual pores. The phase segmentation required the selection of the right intensity parameter for the threshold segmentation and resulted in a binary voxel data set ( Fig. 10(a) ). The step of finding the segmentation threshold and computing the further steps of this pipeline is interactive on a current work station. The graph extraction was applied to the binary segmentation. Figure 10(b) shows the resulting graph with scaled and color-coded thickness -from thin (dark red) to thick (yellow). The computation of the graph is parameter-free and took less than a minute for the data set. The pore segmentation (Fig. 10(c) ) required a pre-computation for building the hierarchy of the watershed-based segmentation, which took less than 7 minutes. Then, the results for the varying persistence values were available within seconds.
Both the graph and the pore data set describe all important structural elements in a compact way. Information on the solid structure (i. e., length, diameter, and orientation of the struts) and the pore space (i. e., extent, volume, and orientation of pores) can easily be derived for quantification and comparison, which are, however, beyond the scope of this paper.
Modification and reconstruction
Based on the graph representation, we computed different modifications and scan-converted them into voxel data sets, which were then saved as a stack of images or a STL file. We generated the example data sets to demonstrate the tasks of resizing, thickening, and reconstructing. The examples were resized from 8 to 20 mm in height and then modified by the presented thickening modes. Figure 11 illustrates the modification for a detail of the graph, where the thickness information is depicted by coloring and scaling along the edges. The extracted graph and its thickness information were up-scaled to the destination height; the thickness relations stay the same and can be used here for comparison with the subsequent modifications ( Fig. 11(a) ). Setting a minimal thickness changes only the parts of the struts that have a thickness below the user-defined threshold (see upper horizontal edge in Fig. 11(b) ). The modes of scaling ( Fig. 11(c) ) and increasing ( Fig. 11(d) ) change all edges by a factor or a constant, respectively. The latter one was computed using the iterative ratio-based modification with respect to the solid-void ratio of the entire data set of the segmentation results. That is, the ratio was computed from the material phase and the void phase including the material surrounding parts of the data set -this allows us to easily check the destination ratio per iteration until the result fits the amount of volume of initial material phase. Figure 12 shows the same graph detail as Figure 11 after scan-converting the modified graph. We chose two resolutions for the scan conversion to better illustrate the connectedness, the trade-off between resolution and accuracy, and the ability to mimic the initial structure. The data set shown in the left column was generated with a resolution of 100 µm derived from the current resolution of powder printers, whereas the example shown in the right column was generated with a resolution of 12 µm, which corresponds to the resolution of the initial CT scan. It is obvious that a finer resolution allows a more accurate sampling of the scaffold structure encoded by the modified graph. Assuming that there were no restrictions to the resolution, the 12 µm example demonstrates the ability of our concept to mimic the initial structure. Figure 13 compares the segmented foam ( Fig. 13(a),(b) ) and the reconstruction of the ratio-based increased scaffold ( Fig. 13(c) ,(d)) in overview and detail.
Discussion
The presented graph concept is a compact description of the connectivity of the trabecular structure as well as of course and thickness of its structural elements. In addition, it enables a consistent definition of modification rules and provides a data structure as a basis for the upcoming scan conversion. However, the graph is designed to describe structures that mainly comprise tubular features, whereas cellular structures may contain features that differ from tube-like shapes. For example, the processed ceramic foam exhibits small sharp edges along the struts (Fig. 13(b) ) and platelike features at the connection of two struts (Fig. 14) . These features represent a divergence from the tubular struts and are not completely reconstructed when scanconverting the graph into the voxel representation. This may lead to an underestimation of the material. Figure 15 illustrates this effect for the different modification modes. Figure 15 (b) compares the segmented phase with the reconstructions after setting a minimal thickness. This mode keeps the majority of thickness relations of the resized graph, but exhibits a strong underestimation. The ratio-based methods (Fig. 15(c),(d) ) iteratively find the right thickness parameter and result in reconstructions that have the Differences between initial structure with flat extension at the strut connections and the tubular reconstruction: Cropped detail with (a) the segmented material of the initial structure, (b) graph that represents the segmented material including the color-coded thickness information (red: thin, yellow/white: thick), and (c) the material reconstructed from the graph representation.
same amount of material. These methods achieve a material compensation by construction: while sharp features are ignored, the scan conversion of the tubular representation fills cavities along the struts. For structures presented in this paper, our approach produces good approximations of the original structures. However, for structures that differ from tubular shapes more significantly, more information needs to be encoded on the graph. By means of a pointwise eigenvalue analysis, flat features can be detected in the CT scan and described by adding the extent (eigenvalues) and the orientation (eigenvectors) to the graph instead of only the radius.
The scan conversion is driven by the concept of 6-connectedness that produces a set of material voxels without any free and disconnected voxels. This concept ensures the conversion of end-to-end struts and, thus, the preservation of the topology of the entire structure up to a certain voxel size. The topology, of course, only can persist if the voxel size and the printer resolution allow resolving the features. For example, too large voxel sizes may lead to merged features. In such a case, it is not possible to transfer all features to the finally printed sample. By assuming a suitable printer resolution, our approach allows the user to control the voxel size, which then must be set to a voxel size that the printer can produce and does not cause the printer software to interpolate the positions for setting or leaving out the binder. The combination of 6-connectedness and correct voxel size can be seen as minimal configuration that preserves the topology, but it does not guarantee enough strength and stability along the end-to-end struts. To support this, a user-defined thickness can be set in the modification step to ensure a specific feature size beyond the 6-connectedness and the voxel size. Therefore, setting the parameters needs experience and knowledge about the printing system and the behavior of the printing materials.
The presented image-based methods that extract the scaffold network and the pores are also applicable to data sets obtained from the reconstruction step as well as by re-scanning the printed scaffolds. This means, the graph of the scaffold and the voxel-based representation of the pores can additionally be used to compare the solid and pore structures of the initial sample, the voxel-based reconstruction, and the rescanned printed result.
Conclusion and Future Work
This paper addresses the generation of models for bone-substituting scaffolds via inkjet 3D printing with improved printability of the contained structures. We aim to produce models of realistic structures that are printable while preserving the required properties such as stability and porosity to ensure load transfer and nutrient supply. The presented method is a 3-stage approach that allows users to control the generation of the model with respect to the conditions of the printing system. A trabecular structure will be extracted from µCT data in the first stage to provide a basis for mimicking and adapting the structure. The second and third stages incorporate the three discussed aspects important for printability: size of features, deposition control, and voxel connectedness. The size of the features and the sample is defined by the user and handled during the modification step. Another user input is the voxel size, which directly correspond to the deposition issue and is considered during the reconstruction step. The reconstruction step also handles the voxel connectedness and ensures that all features of the extracted and modified structures stay connected and are transferred to the printing model without loss. The presented modification of the structures is computed on the solid-representing graph. It changes the thickness of the struts, which implicitly also changes the size and shape of the pores. These changes can not be characterized until the reconstruction is generated and the pore segmentation is computed again. However, if the graph represented both phases, the scaffold and the pore network, it might be used to construct an interactive tool to set up the properties for the two phases at the same. Tracking these changes and showing them during the modification step may help to even better control important properties such as stability and porosity.
With our approach, we propose a strategy to assess and adjust realistic structures for 3D printing using image analysis that focusses on trabecular structures for a start. Other kinds of structures would require the development of further appropriate compact representations.
Given such appropriate representations, we believe that our proposed pipeline will be applicable to adapt a wide range of input structures to specific printing conditions.
